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ABSTRACT 
Statistical shape modelling is an efficient and robust method for 
medical image segmentation in computer-aided diagnosis. The 
key step in building a statistical shape model is to find 
corresponding landmarks in each instance of a training set. In this 
paper, a novel landmark correspondence estimation method that 
uses edge collapse surface simplification and the sphere 
registration is proposed. All the landmarks are selected and 
transformed by spherical conformal mapping from the instances 
of the training set and the associated correspondence are 
automatically found on the spheres. We applied our method on 21 
cases of 3-D right lung shapes. The results of image segmentation 
experiment indicate that our method has a positive influence on 
the accuracy of segmentation result.  
CCS Concepts 
• Computing methodologies ➝ Artificial intelligence ➝
Computer vision ➝ Computer vision problem ➝ Image 
segmentation. 
Keywords 
Statistical shape model; correspondence; surface simplification; 
surface registration. 
1. INTRODUCTION 
Statistical shape models (SSM) are widely used in the medical 
image segmentation on account of their high accuracy and 
robustness to noise. Generally, the model is represented by the 
point distribution model (PDM), which contains a set of labelled 
points, called landmarks, extracted from the volume data [1]. The 
key step of constructing a robust and effective point model is to 
find the correspondence of each instances, which directly 
determines the quality of the model and the result of segmentation. 
Methods that depend on manual estimation of landmark 
correspondence on 3-D surfaces are time consuming and error-
prone. Automatic methods on the other hand suffer the problem of 
effective quantitative definition of correspondence. 
Davies et al. [2] described the quantitative evaluation criteria for 
global description of SSMs.  They proposed an objective function 
method based on the minimum description length (MDL) and 
pose the model construction as an optimization problem. The 
complexity and the fitting quality of the model are balanced by 
the MDL in a two-part coding formulation. Heimann et al. [3] 
employed a gradient descent optimization method to minimize the 
description length cost function and achieved easier and faster 
implementation than those of [2].  The positions of the landmarks 
are modified locally without disturbing established 
correspondence. Several orders of magnitude are used to 
accelerate the model building and a singular value decomposition 
is employed to estimate a more accurate gradient information.  
We focus on the local surface features correspondence methods, 
which take advantage of image segmentation. In our previous 
modelling method [4], the landmarks are generated from a 
reference sphere whose landmarks are equally distributed. After a 
spherical conformal mapping, the landmarks are directly found on 
each mapped sphere while neglecting the different poses of shapes 
extracted from the images and the deformation of the vertices 
position. This paper tackles the drawbacks of the previous method 
and proposes a correspondence method based on sphere 
registration to automatically find the landmarks on each training 
instance. The registration method is performed on the spheres 
before estimating the correspondence between the reference 
sphere and the spheres of other instances. 
In the following section, we present an improved landmark 
distribution method. Here, a quadric-based simplification method 
is used to automatically generate landmarks in the reference shape. 
The registration of the sphere mapped by SPHARM is used to 
find corresponding vertices in each surface of the instances. In 
section three, the method is tested on right lung triangular meshes 
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and a segmentation experiment is performed with the constructed 
model. An evaluation of the effectiveness of the model as well as 
the discussion of the segmentation result are introduced in the last 
section. 
2. METHOD  
The flowchart of our method is shown in Fig.1. First, one instance 
of surface is selected from the training set and a surface 
simplification method is performed on the instance, which 
generates a simplified surface. The vertices on the simplified 
surface are regarded as the reference landmarks. Then, the 
instance is transformed to the spherical parametric domain using 
spherical conformal mapping method. At the same time, the 
reference sphere is generated from the landmarks mapped to the 
sphere. Next, all the instances of the training set are mapped to the 
spheres in a similar manner. The gradient of each point in the 
instances of the training set is calculated and spherical registration 
is performed on the spheres generated previously by referring to 
the gradients of their corresponding points. After the registration, 
the correspondence landmarks are found on the other spheres by 
the reference sphere and tracked back on the surfaces of the 
instances. 
Start
Select an instance surface from the training set
Generate the reference sphere by the 
simplification of the instance
Map all the instances of training set to spheres
Perform registration on all of the spheres
Find corresponding landmarks from the spheres 
by the reference sphere
Find landmarks from the surfaces of the instances
End
Calculate gradient of points from the image
 
Figure 1. Flow chart of our proposed method. 
The conformal mapping algorithm in our method is based on 
those described in [5]. The algorithm maps 0-genus surfaces of 
the instances in the Cartesian system to unit sphere in the 
spherical coordinate system while retaining their topological 
structures. Fig. 2 shows the reference spheres. The left and right 
reference spheres in the figure are generated by the previous and 
our proposed methods, respectively. 
 
Figure 2. Reference spheres generated by the previous 
method(left) and our proposed method (right). 
We claim that the generation of the reference sphere is improved 
in this paper. In our previous method [4], the reference sphere is 
generated by a uniform triangular mesh in which the length of 
edges are equal. This implies that the landmarks are sampled by 
equal spaces from the surface. As a result, the landmarks in the 
region of higher curvature are coarser and those in the region of 
lower curvature are densely distributed. To obtain more 
representative landmarks in different curvatures of the surface, an 
efficient surface simplification algorithm using the quadric error 
metric is used in our proposed method. This algorithm uses 
iterative contractions of vertex pairs to simplify models and 
maintains surface error approximations using quadric matrices [6]. 
Fig. 3 shows the meshes of landmarks generated by the previous 
method and our proposed method. Careful inspection of Fig. 3 
shows that more faces are used to express shapes with higher 
curvature in our proposed method. 
 
Figure 3. Meshes of the landmarks generated by the previous 
method (left column) and our proposed method (right column) 
from the same instance in their front, back and bottom views. 
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As previously described, the positions of the vertices on the 
instances in spherical domain vary a lot in the spherical mapping 
process. To find the corresponding landmarks on the spheres，we 
introduce a sphere registration algorithm which uses a limited 
class of diffeomorphisms combined with the Demons algorithm 
[7]. The gradient value of each point is calculated from the 
original image as the reference for the registration. Because the 
indices of the vertices remain the same, the corresponding 
landmarks of each sphere can be labelled from the spheres under 
the registration by tracking the indices of their vertices which are 
nearest to the landmarks on the reference sphere. Note that the 
landmarks of the instances can be found by the indices as well. 
3. EXPERIMENT  
3.1. Data Preparation 
For our study, 21 cases of thoracic computed tomography (CT) 
from the LIDC (Lung Image Database Consortium) are used. The 
size of the images varies from 144 × 144 × 127 to 180 × 180 ×
205 voxels and the gap between the voxels is 2𝑚𝑚. The training 
set is obtained by the method described in [4]. First, the CT 
images are pre-processed to enhance the lung region. Second, the 
region of interest (ROI) is extracted from the CT images by using 
the region growing method and represented by the binary voxel 
data. Third, the Marching Cubes algorithm is employed to 
generate a surface mesh while maintaining the inter-slice 
connectivity. Finally, a smoothening mean filter is applied to each 
surface to remove its roughness. In out experiment, the surfaces 
consist of 69676 vertices and 139349 faces on average. After the 
correspondence, each mesh obtained by the classic method and 
our method both contain 642 vertices and 1280 faces. 
3.2. Evaluation of Model Quality 
An objective method of evaluating model quality is introduced by 
[7]. Three properties are described as the indicators of model 
qualities: generalization ability, specificity and compactness.  
The generalization ability of a model is used to identify the ability 
to construct an instance of shape that is not in the limited training 
set. It is usually implemented by the leave-one-out protocol. If for 
two methods A and B with 𝐺𝐴 and 𝐺𝐵 denoting the corresponding 
generalization ability and 𝑀 the number of shapes used to express 
the current instance, 𝐺𝐴(𝑀) ≤ 𝐺𝐵(𝑀) is for all of the𝑀  and 
𝐺𝐴(𝑀) < 𝐺𝐵(𝑀) is for some of the 𝑀, we consider method A is 
better than method B in the generalization ability. 
Specificity describes the similarity of the shape constructed and 
the shapes of the training set. Each shape in the training set is 
compared with the shapes generated by the model using a certain 
number of different parameters 𝑏. It can be described by: 
 𝑆(𝑀) =
1
𝑁
∑ |𝑦𝑗(𝑀) − 𝑦𝑗
′|
2𝑁
𝑗=1   (1) 
where 𝑦𝑗  is the shape constructed by the model and 𝑦𝑗
′ is the most 
similar shape in the training set. Similar to the generalization 
ability, with 𝑆𝐴(𝑀) ≤ 𝑆𝐵(𝑀)  for all of the 𝑀  and  𝑆𝐴(𝑀) <
𝑆𝐵(𝑀) for some of the 𝑀, we consider method A is more specific. 
Compactness is the ability of constructing the instance with less 
parameters by the model. Supposing the  𝜆𝑖 is the 𝑖th eigenvalue, 
the compactness is described by the cumulative variance: 
 𝐶(𝑁) = ∑ 𝜆𝑖
𝑁
𝑖=1    (2) 
For 𝐶𝐴(𝑀)  and 𝐶𝐵(𝑀)  which represent the compactness of 
method A and B, comparison is similar to  that of  specificity. 
3.3. Evaluation of Segmentation Accuracy 
In our experiment, a leave-one-out protocol is used in the model 
construction and segmentation. The SSM contains shape model 
and appearance model. The shape model entails the statistics of 
the variation of landmark positions. An alignment is firstly 
performed by the Generalized Procrustes Analysis algorithm [8]. 
The scaling, translation and rotation among the training shapes are 
removed, which helps find the actual variation of the shapes. Then, 
the principal component analysis (PCA) is performed and the 
eigenvalues and their corresponding eigenvectors are calculated 
and used to construct the shape model. The appearance model is 
constructed by using similar procedure as the shape model. The 
intensity profiles of each landmark along the norm are sampled 
and used to automatically update the position of landmarks in the 
model searching process. 
The segmentation using SSM can be regarded as a matching 
between the transformed model and the target structure of ROI in 
the image. This process can be summarized into two steps [9]: 
In the first step, a shape instance of the model can be expressed by 
transformation 𝑇  and parameter 𝑏𝑠 . The Mahalanobis distance 
defined in the appearance model is calculated along the norm 
vector of each landmark. In each norm, the point with the lowest 
Mahalanobis distance among the candidate points is selected as 
the new position of the landmark. The displacement vector of the 
positions of the landmarks can be expressed as 𝑑𝑦𝑝.  
In the second step, the generalized match is performed on 𝑦 and 
𝑦 + 𝑑𝑦𝑝  to find a new transformation 𝑇  and new residual 
displacement 𝑑𝑦𝑠.  
These two steps are applied iteratively until a convergence 
criterion is met, e.g. the variation of movement is under a 
threshold or the iteration is up to a maximum. 
The Dice similarity coefficient (DSC) method is used to evaluate 
the segmentation result with their volumetric overlap [10]. The 
overlap metric between two binary masks is defined as: 
 𝐷𝑆𝐶 =
2|𝐴∩𝐵|
|𝐴|+|𝐵|
   (3) 
where 𝐴  represents the experiment segmentation result and 𝐵 
represents the gold standard from the expert. The DSC ranges 
between [0,1] and 𝐷𝑆𝐶 = 1 denotes that the segmentation result 
is completely equal to the real shape. 
3.4. Results and Discussion 
Model quality evaluation and segmentation accuracy are obtained 
through experimentation and results depicted in Figs.4 to Fig 7. 
The triangle symbol represents the model constructed by the 
previous method while the square symbol represents that of our 
proposed method. 
The generalization ability, specificity and compactness of the 
models is compared and shown in Fig.4 to Fig.6 and the result of 
segmentation is shown in Fig. 7. The result shows that the 
proposed method is almost the same with the previous method in 
the model quality. The correspondence with local surface features 
does not seem to improve the model in the generalization ability, 
compactness and specificity which are the global characteristics of 
evaluating the model. However, our method results in a higher 
segmentation accuracy than the previous method, which implies 
that our method improves the SSM and provides an improved tool 
practical application. 
39
 
Figure 4. Generalization ability of the models constructed by 
the previous method and our proposed method. 
 
Figure 5. Specificity of the models constructed by the previous 
method and our proposed method. 
 
Figure 6. Compactness of the models constructed by the 
previous method and our proposed method. 
 
Figure 7. Accuracy of segmentation of the models constructed 
by the previous method and our proposed method. 
4. CONCLUSION 
In this paper, we presented a landmark correspondence method for 
the construction of SSM. A surface simplification method is used 
to generate landmarks of reference sphere. By referencing the 
gradient information in the registration process, a compact model 
is constructed. The experiment result shows that the model 
constructed by the proposed method and the previous method are 
almost the same in their generalization ability, compactness and 
specificity. However, the segmentation accuracy is improved by 
the proposed method. Future work will consider the use of more 
instances to train the model and improve its quality.  
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